Abstract 24 25
Here we present an open-source R package 'meaRtools' that provides a platform for analyzing neuronal 26 networks recorded on Microelectrode Arrays (MEAs). Cultured neuronal networks monitored with MEAs 27 are now being widely used to characterize in vitro models of neurological disorders and to evaluate 28 pharmaceutical compounds. meaRtools provides core algorithms for MEA spike train analysis, feature 29 extraction, statistical analysis and plotting of multiple MEA recordings with multiple genotypes and 30 treatments. meaRtools functionality covers novel solutions for spike train analysis, including algorithms 31 to assess electrode cross-correlation using the spike train tiling coefficient (STTC), mutual information, 32 synchronized bursts and entropy within cultured wells. Also integrated is a solution to account for bursts 33 variability originating from mixed-cell neuronal cultures. The package provides a statistical platform built 34 specifically for MEA data that can combine multiple MEA recordings and compare extracted features 35 between different genetic models or treatments. We demonstrate the utilization of meaRtools to 36 successfully identify epilepsy-like phenotypes in neuronal networks from Celf4 knockout mice. The 37 package is freely available under the GPL license (GPL>=3) and is updated frequently on the CRAN 38 Introduction   22  23 The MEA platform is now increasingly being used to study the response of neuronal networks to 24 pharmacological manipulations and the spontaneous activity profiles of neural networks originating from 25 genetic mouse models and derived from human pluripotent stem cells [1] [2] [3] [4] . Recent studies aim to not only 26 evaluate wild-type and mutation associated phenotypes, but also to recapitulate the in vivo response to 27 various molecules, compounds and drug therapies [5, 6] . Capturing the many and varied activity features 28 from a cultured neuronal network is critical for the full and accurate characterization of that network. 29
However, MEA data are complex to handle. Moreover, an MEA experiment can last several weeks and 30 incorporate many recordings and various treatments. For these reasons , there is a genuine need for 31 methods that can adequately characterize those neuronal networks and also provide valid assessments of 32 phenotypic differences between genotypes and [drug] treatments in an experiment lasting many days in 33 vitro (DIV). 34 35
The meaRtools package provides tools to identify complex phenotypes for assessing the effect of 36 mutations and the screening of compounds in a multi-well MEA platform, as presented here in figures 4-6 37 and as we previously shown [6] . The algorithms described here add to existing methods through 38 calculation of cross-correlation and mutual information between electrodes, as well as enhanced 39 identification of synchronized bursts (including entropy phenotypes for each well). The latter algorithm is 40
shown here to identify recapitulation of in vivo epilepsy phenotypes in cultured neurons of the Celf4 41 knockout mouse model. Incorporated into the package is also an algorithm that uses electrode-level burst 42 features distributions to identify burst activity variations originating from neuronal subtypes in primary 43 neuronal cultures. An earlier version of the package was recently used to examine the effects of 44 microRNA-128 deficiency on the activity of cortical neural networks [6] . Last, the package provides 45 functions to combine many recordings from multi-DIV experiments and perform rigorous statistical tests 1 of phenotypic differences between genotypes and/or drug treatments. 2 Design and Implementation 5 6 meaRtools's objective is to provide a comprehensive characterization of electrode-level and network 7 activity on a MEA plate, that is composed of one or more wells, each well consisting of multiple 8 electrodes. 9 The package enables a rigorous examination of differences between various genotypes and/or treatments 10 cultured on the same plate over time. To achieve this purpose, the package provides functions to perform 11 four major analyses (figure 1 and supplementary 
We define H(X) as the calculated entropy measurement for electrode X. i represents a time interval bin, 25 out of n total separate equally sized time interval bins (default is 0.1s bin size) from start to end of the 26 recording time. In the probability distribution, Xi is set as the number of spikes in the i'th bin of electrode 27 X divided by the total number of spikes observed in the full recording. 
We define I(X,Y) as the information shared between electrodes X and Y. We define a number of equally 1 distributed time interval bins in the time period and for each electrode, count the spikes in each b i . As 2 before, we transform X and Y into separate probability mass functions, where the probability of a spike 3 falling in a particular time interval bin equals the count at that bin divided by the total number of spikes 4 that detected in the recording. 5 6
Given that the number of spikes observed during recording time can vary between electrodes, it was 7 important to further transform X and Y to take this into account. For this we take the spike count in a time 8 interval to infer the presence or absence of a burst, and as such we can classify each time interval at an 9 electrode as either a burst member or non-member. To do this we transformed each input vector X such 10 that the value X i equals 1 if the spike count is greater than the 75th percentile of spike counts across all 11 bins in X, and set as 0 otherwise. Such a simple transformation of the transformation of the data means 12 that the probability mass function for X is collapsed down to p(X=0) and p(X=1 wave-forms and faster-spike activity [28, 29] . Furthermore, certain anti-epileptic or anti-psychotic drugs 37 selectively target specific neuronal subtypes. However, this selective effect may not be observed when 38 comparing the average change of an entire cultured network. 39
The function calc_burst_distributions calculates empirical distributions for bursting features and 40 compares them between treatments using two independent methods (figure 2A, see Statistical Testing and 41 Visualization). 42 43
Figure 2 44 Density distributions are calculated for five burst features: IBIs, ISIs within bursts, number of spikes in 1 bursts, burst durations and spike frequencies within bursts (firing rate, Hz). For each feature, the 2 algorithm adjusts for variability between electrodes in a well. This is done by calculating the histogram of 3 a feature in each electrode separately (figure 2A, left panel) and normalizing it to values between 0-1 4 (figure 2A, middle panel). Next, all normalized histograms are grouped and averaged by treatment labels. 5
The algorithm permits performing this step also by grouping electrodes first by wells and then averaging 6 well information by treatment. To later test for differences between treatments, the package provides a 7 function which performs distribution comparison tests, permutes electrode labels and plots the results 8 ( figure 2A , right panel, see Statistical Testing and Visualization). 9 10
Synchronized network bursts
We consider network bursts (NB) as bursts appearing at several electrodes simultaneously, that are longer 13 and more intense synchronization events than NS and correspond to electrode-level burst activity that is 14 synchronized across electrodes in a well. The underlying reason to identify NBs is that, while the NS 15 detection algorithm identifies short network synchronized activity lasting tens of milliseconds, 16 synchronized bursting events were shown to last tenths of seconds to seconds in MEA experiments [15, 17 30, 31] . To catch these long synchronized network events, a method was constructed that investigates 18 bursting patterns within wells and also between wells clustered based on treatments.
19
The function calculate_network_bursts combines burst information at the electrode-level into well-level 20 data as the presentation of synchronized bursts across a well ( figure 2B ). First, spike time within spike 21 trains from all electrodes is binned using a bin size of 2ms to guarantee that at most one spike is called 22 within each bin. Next, a Gaussian filter with user-defined window sizes (defaults are: 10, 20 and 50 ms) is 23 applied to smooth the binned spike trains from each electrode. The smoothed signal is then further 24 standardized to have a maximum signal value of 1. All smoothed signals at the electrode-level are then 25 combined and smoothed again using the same Gaussian filter. The final result from this step is a 26 smoothed signal at each given window size that measures the overall synchronization of all electrodes in a 27 well, with larger values indicating higher level of synchronized bursting activities. Then, the Otsu global 28 thresholding method is applied to the well-level signal to automatically detect burst intervals [32] . This 29 method was chosen for its simplicity and parameter free nature, although other methods, such as adaptive 30 thresholding, can be utilized. Last, based on the network burst intervals obtained from Otsu thresholding, 31 network burst information is collected at the well-level. 32
The algorithm extracts statistics for: the number and rate of NBs, the number and percentage of spikes 33 participating in NBs and the spike intensities within NBs, which is the spike rate within NBs. These NB 34 statistics were previously shown to infer the biological effects of miR-128 knockdown in cultured 35 neuronal networks [6] and are shown in this work to successfully identify significantly higher 36 synchronization of bursts in a mouse epilepsy model (figure 4B-4C) and in the homozygous Celf4 MEA experiments are constructed from multiple recordings of the same plate over a certain period of 44 time. Correctly assessing the activity and differences over time requires analyzing several recordings as 45 one set of information with various time points. The package provides functions for combining several 46 recordings and filtering wells from the combined dataset based on inactivity measurements. All feature 1 extraction functions store the extracted information in the same 'spike.list' object. The function 2 aggregate_features uses the information stored in the 'spike.list' object to combine data from all the 3 analyzed recordings into an aggregated table for each feature. The aggregated tables have recording labels 4 as columns and well-labels as rows, and can be printed as csv files or used later for treatment 5 comparisons. The package also provides the function filter_wells to exclude inactive wells from these 6 aggregated tables. An active well is measured using a minimum number of aEs (default 4, or ¼ of the 7 total number of electrodes). The function filter_wells considers whether a well has been active in more 8 than a certain percentage of recordings in the experiment (default is 50% To gain a preliminary view of plate activity, the package generates graphs of activity measurements for 6 three levels of data: electrode-, well-and plate-levels. Presented here are a subset of these graphs for a 7 single recording in a 48-well plate (16 electrodes per well) containing cultured cortical neural networks 8 from the brains of postnatal wild-type mice. The lowest resolution map of the plate shows a matrix of all 9 aEs for each well in the plate ( figure 3A) . A higher resolution graph shows electrode activity per well as 10 the MFR of all aEs ( figure 3B ). Even higher resolution shows the MFR of each electrode in each well 11 (figure 3C represents a 900s recording). The latter is plotted for each well separately. 12 13
Figure 3 14 In order to demonstrate network behavior before and after each NS, we show the number of electrodes 15 participating in NS around the peak of a network event ( figure 3D ). For example: some networks present 16 a decline in participating electrodes before the event takes place (wells B1, C1 and D1 in figure 3D ), 17 while others exhibit a gradually increasing number of electrodes participating in a NS before a fast 18 accumulation of electrodes leading to the NS peak (wells F1 and F8, figure 3D ). 19
The full set of graphs that can be printed by the package is available as supplementary information and 20 includes log ISI statistics, spike statistics within bursts and other network information. an experiment comprised of 14 DIV, shows a trend for higher spike intensities in the homozygous 42 genotype, which is not significant after a permutation test ( figure 4B ). However, inclusion of data from 43 three more DIV shows a significantly increased network synchronization in the homozygous genotype 44 ( figure 4C ). 45
The feature comparison analysis is not limited to the number of recordings or treatments. In figure 4D , the 1 number of aEs are shown for an experiment spanning 27 DIV. This experiment had three treatments: a 2 vehicle treated control and two concentrations (0.1nM and 1nM) of a sodium channel blocker ( figure 4D-3 4E). The treatment was administered on DIV 20 and the plate was recorded for 7 DIV following drug 4 administration. Analysis of the number of aEs shows no significant difference between groups before the 5 drug was added, and a dramatic decrease in number of aEs in the wells treated with 1nM but not those 6 treated with 0.1nM ( figure 4D , green vs red lines, respectively). As expected, MFR analysis indicates a 7 significant decrease in MFR for both 0.1nM and 1nM drug treatments [34] . Moreover, the kinetics of 8 MFR decrease are relative to the drug concentration, as is the time it takes the MFR to return to untreated 9 values (figure 4E, red and green lines recording treatment comparisons are tested using the Kolmogorov-Smirnov test (K-S test) for comparing 28 probability distributions. For instance, when comparing the effects of cell density on network behavior, a 29 significantly higher proportion of low Spike Frequencies is observed at low cell density of 25,000 (25k) 30 cells relative to higher densities (figure 5A, red line), suggesting that higher cell densities have higher 31 spike frequencies within bursts. In a separate experiment, we compared the effects of two different 32 microbial light sensitive membrane proteins: Channelrhodopsin-2 (Chr2) and Archaerhodopsin-T (ArchT) 33 on burst duration. We observed a higher ratio of long burst durations for 'Chr2' that is not significant 34 between treatments (figure 5B, red line). 35 36 Figure 5  37 Comparisons of Burst features' distributions can be performed over multiple recordings. The analysis of 38 number of spikes in a burst is presented here for an experiment with 24 recordings that were combined 39 using the methods above. The differences between treatments are calculated using two measurements of 40 distances (figure 5C-D), and followed by permutation tests. This specific analysis successfully validates 41 that a treatment using a specific compound treatment at 25µM (figure 5C-D, red line) has significantly 42 more bursts with low number of spikes than the 100µM treatment (blue line MEA analysis pipeline using exemplary datasets in an effort to make MEA analysis accessible to all. 40
Here we explain the major analyses that can be done using meaRtools and focus on several features to 41 perform detection of phenotypic differences. However, the current version of the package detects 73 42 features and five feature distributions that can be used in the holistic evaluation of an MEA experiment. 43
Users are encouraged to explore all the features and capabilities the package entails with the help of the 44
The package is updated regularly; each version incorporates additional capabilities to detect and test 2 additional phenotypes. Current work focuses on adding machine learning algorithms to distinguish 3 between treatments, graphical representation of network bursts and activity pattern recognition algorithms 4 within and between wells. 
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